Abbreviations used: a -potential barrier slope from the boundary side; a B -slope of potential barrier for boundaries; a TP -potential barrier slope from the threshold point side; B1 -lower boundary; B2 -upper boundary; BK, BK Ca -large conductance voltage-and Ca a confining logarithmic potential, which ensures great flexibility of the model. Depending on the chosen parameters, it allows one to reproduce many types of gate dynamics within the family of non-Markovian, anomalous conformational diffusion processes. In this study we apply the constructed model to largeconductance voltage and Ca 2+ -activated potassium channels (BK Ca ). The interpretation of model assumptions and parameters is provided in terms of this biological system. Our results show good agreement with the experimental data.
INTRODUCTION
Logarithmic oscillations can be applied by the mathematical description of many biological processes (e.g. protein folding, diffusion on fractal-structure objects, activity of myoglobin), which exhibit power law scaling and possess no characteristic time scale [1] . Among these theoretical approaches, here we would like to distinguish models based on Langevin dynamics in logarithmic potential wells. They allow one to describe a wide class of intricate problems such as condensation of charged particles onto a long, uniformly charged polymer (Manning condensation), diffusive spread of momenta for atoms in dissipative optical lattices, dynamics of long-range interacting systems, or behaviour of bubbles in DNA molecules [2] [3] [4] . Analysis of such systems unravels their characteristic features, such as the power-law tailed dwell-time distributions, the long-term correlations between the durations of adjacent residence time intervals in recognised system states, the possibility of anomalous scaling of statistical moments with time, or even the divergence of statistical moments [1] [2] [3] [4] [5] . Such models reveal a great degree of generality. For a certain range of parameters they can provide an anomalous diffusion, for others a normal one, which is very convenient for the description of real processes that change their type in response to a change in the environment. This feature of a proposed theoretical approach is highly desirable in the case of ion channel gating phenomena modelling, as confirmed by the study of Goychyk and Hänggi [6] , who considered a continuous, fractional, slow conformational diffusion model. For our purposes, an important feature is that such models allow one to generate a non-Markovian time series (with memory) for a certain choice of parameters [7] . Advanced problems in biophysics may have a number of mathematical representations. In spite of previous ion channels' activity models [6, [8] [9] [10] [11] [12] [13] [14] , we propose a model that acts on a different conceptual level and is based on Langevin dynamics in logarithmic potential. This was inspired by the discovery that ion channels share properties of behaviour with systems described by logarithmic potential field mentioned before. Moreover, other models are often not able to recover the non-Markovian memory effects related to the ion channels. Analogously to our previous study [13] , we have turned much attention to the Hurst memory effect exhibited by the series of dwell time durations. A key observation is that flexibility of cell membrane structure reveals thermally excited undulatory motions and thickness fluctuations, which modulate the gate fluctuations [15] . Consistently with Wawrzkiewicz et al. [13] , we claim that this interaction stands behind the long-term correlations recognized in the analysis of experimental patch clamp time series obtained for several potassium channels [16] [17] [18] . This is in agreement with the findings by Liebovitch and Krekora [19] , who could recover the long-term "memory" in channel behaviour by paying particular attention to the dynamic features of the system such as continuous state space of the channel, deterministic forces and time-dependent energy barrier.
MATERIALS AND METHODS

Experimental data
Investigated patch clamp time series were obtained from outside-out patches of human bronchial epithelial cells, immersed in symmetric solution containing 4 mM CaCl 2 , 2 mM EGTA, 10 mM HEPES, 135 mM potassium gluconate, pH = 7.3. The measurements were performed at room temperature (20-21°C). The patch clamp amplifier Axopatch 200B (Axon Instruments) was used to record single channel currents. The experimental data were low-pass filtered at 10 kHz and transferred to a computer at a sampling frequency of 20 kHz using Clampex 7 software (Axon Instruments). In each measurement, pipette potential was fixed at a constant value. Experiments were carried out at -80, -60, -40, -20, 20, 40, 60 mV, and for each voltage value 5 independent traces were recorded. Time resolution of recordings was Δt = 5·10 -5 s, and the ionic current measurement error was ΔI = 5·10 -4 pA. Each experimental time series comprises N = 6·10
6 current values.
Model formulation and simulation procedure
Due to the complexity of channel protein structure, related to the arrangement of its constituents such as the channel gate, pore, and ligand, voltage and strain sensors, which can influence each other, the conformational space of ion channels is very intricate. For this reason, to model the channel activity, one needs to propose a suitable simplification of the considered system. In this study we decided to adopt a previously described approach [6, 13] , where the conformational dynamics of the channel activation gate is resolved down to a stochastic motion performed by an abstract variable, called the reaction coordinate (RC) (which in fact corresponds to the activation gate of a channel), over the appropriately constructed diffusive space (shown in Fig. 1 ). There is a multiplicity of possible conformational channel substates, which correspond to two distinct macrostates, open and closed, related to appropriate locations of the RC in the available space. An important preliminary task during model construction is the choice of dimensionality. It turns out that in the case of BK Ca channels, for which we chose to apply our model, it is possible to "project" three dimensional conformational diffusion to one dimension. That is mainly due to the fact that an activation gate may be considered as a hinge, whose motion can be effectively projected to one degree of freedom. That is because the pore of the BK Ca channel is formed by the S6 subunits, which are able to bend at a glycine residue close to the selectivity filter ("Gly hinge"). This bending movement is crucial for gating dynamics [20] . Fig. 1) . The open state is assumed to determine ion conduction. Thus, in the model the ion trespass starts instantly as the opening is recognized. Such an approach is adopted because transport of potassium ion from the channel gate through the selectivity filter to the extracellular side of the BK channel proceeds on a significantly shorter time scale than the change of macrostate of the channel gate from closed to open (and vice versa) according to the following reasoning. Let us consider an exemplary recorded patch-clamp current of 10 pA. The following identity holds:
Comparing the time of passage of a single potassium ion through the channel (16 ns) with mean observed open and closed dwell times (τ o and τ c ≥ 0.24 ms), it is negligibly small. Such simplification puts better emphasis on application of logarithmic potential, without significant loss in the description accuracy. To obtain a more detailed view of ion transport through nanopores (ion channels), especially taking into account the projection of the ionic diffusion problem's dimensionality from three-dimensional to one-dimensional diffusion by the Fick-Jacobs equation [21, 22] , please refer to the relevant literature [23] [24] [25] [26] .
As in the previous study [13] , we retain the assumption that two simultaneous processes affect: -diffusion of the reaction coordinate, -symmetric diffusion of "boundaries" (B1, B2) confining to some extent the diffusive space of RC. This phenomenon is reflected by synchronous fluctuations of the "boundaries", which affect the "effective" size of the RC's diffusive space. The "boundaries" indirectly indicate the position of the repulsive potential barriers for the reaction coordinate, by representing the related positions of potential wells in the RC's diffusive space (in accord with the actual undulations of the membraneactivation gate surroundings, and the resulting protein strains). So effectively the RC is restricted by the potential barriers whose location in the diffusive space depends on where the appropriate lower and upper "boundaries" (B1 and B2) actually are -x B1 , x B2 (as will be shown during potential function formulation eq. (9) and in Fig. 3A ). For simplification, hereinafter we omit the quotation marks when the boundaries are mentioned.
In the case of both processes, diffusion takes place in confined interval as a consequence of limitation of the available space by high potential barriers (which eventually reflect the diffusing entities). The dynamics of the considered diffusing entities is described by the Langevin equation of the form [27] :
where: = velocity of the RC, = damping coefficient, m = mass of the diffusing entity, U(x) = potential energy, Γ = Langevin random force (delta correlated white noise), which satisfies the equation:
with • the Dirac delta function, the amplitude of the Langevin force.
The amplitude may be calculated as [27] : , 
Assuming the strong friction limit 0 and using Formulas 2, 4 and 5, one obtains the dynamics equation for the reaction coordinate:
which is equivalent to the stochastic differential equation for time evolution of position:
N(t) denotes Gaussian white noise.
The potential function takes the following form for the B2 boundary (analogous as in [2, 3, 5] ):
where B M denotes the mean position of the B2 boundary coordinate, a B is the slope of potential barrier U B2 , and x B is the actual position of the B2 boundary.
For the B1 boundary the potential function U B1 (x B ) is assumed as a reflection of U B2 (x B ) with respect to 0, because in the model the B1 position is symmetric to B2 relative to the 0 point ( Fig. 3B ). This ensures symmetric changes of the RC diffusive space, and the boundaries B1 and B2 move synchronously increasing or decreasing it. The problems (7) and (8) were solved analytically and thoroughly studied previously [2, 3, 5] .
Potential function for the RC is described (based on the form of eq. 8) as:
• ln 1 • ;
• ln 1 • ; 0
where: x min = minimal value of reaction coordinate, x B1 = actual position of B1, x B2 = actual position of B2, a = potential barrier slope from the boundary side, a TP = potential barrier slope from the threshold point side, F d -drift force (discussed later), x max = maximal value of reaction coordinate. As one can see from the definition above, the diffusive space of the RC is spatially restricted to the finite interval (x min ; x max ) by reflecting boundary conditions. That should prevent departures of the reaction coordinate to remote regions of the open and closed state manifolds, which have no physical interpretation taking into consideration feasible movements of the S6 helix within the channel pore. Functions U and U B are schematically depicted in Fig. 3 . There are some interesting properties of the logarithmic potential functions (Equations 8 and 9) [1] [2] [3] [4] [5] . To describe them, let us denote shortly relative distance or as s, potential function as U(s) and the potential slope coefficient as a. The following remarks can be made:
1. The minimum of U is found at s equal to zero
It corresponds to the state of minimum energy for RC, B1 and B2. This is however continuously perturbed due to the influence of the fluctuating random force.
2. The potential gradient which exerts a significant effect on the behaviour of particles' motion takes the form:
• .
( 1 1) So, for small relative distances (s→0), field forces tend to zero:
For large relative distances (s>>1), the potential function tends to:
and its derivative is proportional to s
From the Equations above (11) (12) (13) (14) , one can infer that the potential field exerts considerable forces on the reaction coordinate mostly near the optimal locations. At sufficiently distant positions, the field forces acting on the RC become weaker, which allows it to move further to relatively remote regions of the diffusive space. This creates a possibility for very long-dwelling macro-states. Thus, our model enables one to mimic non-Markovian subdiffusive dynamics, where the dwell-times of states could tend to infinity [1] [2] [3] [4] [5] [6] . These properties can, of course, be established after appropriate extension of the diffusive space by translation of the x min and x max sufficiently distant. The physical interpretation of such a model modification should be discussed by particular application of our model to a real system, especially considering the possible ranges of motion of the channel gate from the spatial and energetic point of view. However, in the context of this study it is not a matter of our interest in the current BK Ca channel modelling.
The final problem for the reaction coordinate can be formulated as:
(15) where m RC is the effective mass corresponding to the RC, and for boundaries:
(16) where m B is the mass corresponding to the boundary, and all other notations are given above. The potential barrier in the vicinity of a threshold point reflects the fact that ion channels have a tendency to maintain a certain macroconformation depending on properties of the environment (see also Fig. 3) , and in given external conditions the closed and open conformation differ energetically, which was exemplified previously [28] . To take into consideration the action of the voltage sensors on the channel gate, we have introduced a simple drift force in the model. The activating stimuli affect the appropriate sensors, and these, in turn, change the potential landscape of a gate. The conformations of lowest energy are always preferred. The form of potential function on voltage is not known. There exist some Markovian models with a large number of states, but the rate constants are yet to be determined [11, 29, 30] . Here, we mainly want to reflect the effect of altered membrane potential on the opening probability and retain in the system the long-term memory effect (long-term correlations). In consequence, we decided not to provide a detailed voltage-gating model, describing all intricate details of the channel response to changes in voltage, but find as simple a representation of that stimulus as possible. This representation is expected to allow (when introduced in the model) one to reproduce accurate open probabilities, dwell time distributions and system memory (measured by the Hurst exponent) by different voltage levels. Of course, this approach may be seen as a simplification, but any possible drift relation can be expanded into a Taylor series of which the first term is a linear function. If that is sufficient to reproduce the Hurst effect and the dwell time distributions to some degree of accuracy (see the results section), then such form of the drift force may be considered justified. Thus, we decided to express the potential of the drift force by a linear function. The slope of this ramp potential depends on the strength of the activating factor. During the model construction, one has to remember that BK channels are not only voltage dependent, as their opening probability depends on the Ca 2+ concentration. Since such an effect is not directly related to any forcing, in our modelling the Ca 2+ activation level was represented by the position of the threshold point. Since the experiments were carried out at constant [Ca 2+ ], which ensured maximal activation of the ligand sensors, so in the model the TP is shifted towards the manifold of closed states. This assumption is consistent with the mutual allosteric effect of [Ca 2+ ] and voltage sensors during their activation [20, 29] . As one can see from equations describing potential functions (Equations 8 and 9), they depend on the relative distance of (x, x B ) to the appropriate potential well minima. Each departure from the minimum results in an increase of the potential energy. The average position parameter of the B M boundary restricts the space available for the considered diffusion processes. It was chosen to relate the model system to the channel. The BK channel vestibule diameter d is approximately equal to 20 Å [20, 29] . We assume that this is an average diameter, which may underlie fluctuations. This space may be assessed for diffusion of an S6 helix, which probably plays the role of a channel gate. In the model, states of the gate are described by the positions of the reaction coordinate. It is assumed that the diffusive space is symmetrical, and subspaces of about d/2 = 10 Å length correspond to the open and closed states. One can adjust the effective size of the RC diffusive space by setting the average boundary position equal to 5 Å. Additionally, considering the attainable space for the S6 helix, we estimated the maximal and minimal positions of the reaction coordinate. Assuming the maximal 25% broadening of the channel vestibule diameter, it was set as |x min | = x max = 1.25·d/2 = 12.5 Å. The chosen parameters of the proposed model are shown in Table 1 . Values of x min , x max , m RC and D RC were approximated based on the literature data under the assumption that RC corresponds directly to the S6 helix of the BK channel [13, 29] . All remaining parameters were estimated by a gradient optimization technique, as described in our previous study [12] . The choice for a TP and TP was based on the constraint that the normalized conductance of the BK channels G/G MAX is equal to 0.5 at -30 mV in the Ca 2+ concentration which ensures maximal activation of ligand sensors [20, 29] [20, 29] . In our approach, this Ca 2+ dependency is modelled by a shift of the threshold point location on the energy landscape from zero toward lower (closed) positions and adjustment of the value of a TP . The obtained parameters were used in all simulations, because during the patch clamp measurements the same concentration of calcium ions was applied. [27] , its value corresponding to fluctuating boundaries should be smaller than the one characterizing the reaction coordinate. Setting an appropriate value of D ratio is most relevant for recovery of the Hurst memory effect, exhibited by empirical data. Moreover, as shown previously [13] , the value of D RC /D B also allows one to estimate the size of the membrane which surrounds the channel, and effectively influence its activity, which possibly may be confirmed to some extent in patch clamp measurement with differing capillary diameters.
Obtaining simulated data
Generation of surrogate data by the model is based on numerical solution of initial value problems for boundaries and reaction coordinate, by means of stochastic Runge-Kutta integration [31] . At the boundaries of diffusive space x min and x max , the diffusing reaction coordinates were reflected. To perform calculations, the location of RC is evaluated in each single time step. Attributing the RC position to the closed or open state allows a dichotomous time series of states to be generated. The obtained time series of open and closed states were analysed in the same manner as corresponding experimental data. From our model we have generated time series with N = 6·10 6 samples for different values of the drift force. The time step in integration was set at the same value as indicated by the sampling frequency in the experiment, Δt = 5·10 -5 s. For each value of F d , 25 independent dichotomous series were obtained.
RESULTS AND DISCUSSION
Analysis
The first stage of experimental data analysis was to construct a two-state (openconducting; closed -non-conducting) time series from the raw patch clamp recordings. In this aim, one had to discriminate between open and closed states of the channel on the base of the measured ion current value. To evaluate the threshold current value, separating considered channel modes, the procedure described previously [32] was applied. (Table 2 and 3, Fig. 4) . Moreover, Hurst analysis was carried out for a sequence of adjacent open and closed times for both the BK channel recordings (Table 2 ) and the surrogate data (Table 3 ). This was done to reveal the long-term memory effect in investigated systems as measured by the Hurst exponent. The Hurst exponent evaluation procedure has been described previously [e.g. 33, 34]. As one can see ( Nevertheless, this simple solution failed. The simulated mean closed times were in better accordance with experimental ones, but other characteristics of the time series showed increased deviations. Since the details of gating signal transduction have no effect on the long-term correlations, we have postponed this problem to further research, retaining the simple drift model. Dwell time distributions for both data sets were evaluated (Fig. 5) . Analysis of experimental time series indicates that open dwell time distribution may be expressed by the exponential function for an arbitrary value of channel activation level, which is reflected by the results obtained from the model. Unfortunately, e.g. for high open state probability, the distributions corresponding to surrogate data are shifted towards longer sojourn times. This probably could demand an alteration in the drift force in the open state, but it is very difficult to change it without any effect on the other model parameters (see the paragraph above). Thus we decided to accept the current data accuracy. Closed dwell time distributions reveal some differences. In high p o regimes, the experimental closed dwell time distribution exhibits explicitly a power law dependency (with only a negligible exponential tail corresponding to very long sojourns occurring least often). A corresponding dwell time distribution of the surrogate data is of power law form but it is also apparently exponential-tailed. Expecting a possibility of a fractional diffusion in the gate dynamics, we analysed the generated data for the power law dependence between the mean squared displacement (MSD) of the reaction coordinate and the time (t s ), assuming the relation of form [1, 35, 36] :
The evaluated q coefficients are presented in Table 4 and Fig. 6 . They were evaluated as follows: first, N ip = 5000 initial positions of the RC (x 0 ) were chosen randomly. N s = 500 samples of time series x(t) were generated for each x 0 . Then, we calculated for each x(t) the squared displacement (SD) for each possible time t s from minimal t s,min = 5.0·10 -5 s to maximal t s,max = 7.5·10 -3 s with a time step Δt = 5·10 -5 s. For these N s values of SDs we evaluated the MSD for all t s s. In that way we obtained data points of function MSD(t s ) for a given initial position x 0 , and the corresponding q exponent was evaluated by linear fitting of the plot log(MSD) -log(t s ) and finding the slope value. The eventual value of the q coefficient is the mean of the exponents obtained for all initial positions N ip . The chosen t s,max is greater than the mean dwell times of the RC states (Table 3) , but it has the same order of magnitude. Thus, it was assumed that investigation of diffusion type in the range from t s,min to t s,max is essential for the modelled channel gate behaviour. For longer times than the t s,max one can observe gradual stabilisation on the MSD(t s ) plot, which stems from the constrains of the diffusive space imposed by the potential. That makes the current diffusion analysis rather pointless in a broader time range, at least from our perspective. The τ denotes dwell time length and Pdf is a probability density function. The results presented above indicate that in the case of BK channel gate activity, there is a subdiffusive process. The mean squared displacement of the gate represented by the reaction coordinate scales with time according to a power law for all analysed F d values and the obtained q exponents averages = 0.47 (Fig. 6A) . The subdiffusive character of the process clearly stems from the logarithmic components of the potential function [1] . Values of the q coefficient depend to some extent on the drift force acting on the RC. Higher ones are obtained in the absence of the (Table 4 , Fig. 6B ). To affirm that the subdiffusive nature of the considered process stems from the logarithmic potential function, we carried out appropriate calculations in no-drift conditions for a reaction coordinate, which moves in a non-fluctuating diffusion space (the potential function for the reaction coordinate is defined in the same way as initially with fixed values of x B1 = -5.0 Å, x B2 = 5.0 Å and no limits for the minimal (x min ) and maximal (x max ) positions, which results in an unbounded motion of the reaction coordinate. In this case we obtained q coefficient q = 0.45 ± 0.01. Additionally, when the drift force was applied in this case the dependency q(F d ) has the same characteristics as described before (Fig. 6B) . These results confirm the trapping effect (and thus subdiffusive motion of the reaction coordinate) imposed by the proposed logarithmic potential function. Parameters other than F d also influence the anomalous diffusion exponent. According to Dechant et al. [5] , postulating the anomalous diffusion behaviour to be controlled mainly by a parameter related to the depth of the logarithmic potential for a system underlying Langevin dynamics, we expected parameters a TP and a to exert the most significant effect on the nature of process. First, we altered the potential barrier slope from the threshold point side (a TP ). This parameter was thought to have a great impact on the diffusive motion, because it affects how difficult it is to switch the macrostate of the system. As shown in Fig. 7 , the rise of a TP beyond the optimal value of two orders of magnitude (or more) results in the increase of the subdiffusive character of the process. This effect derives from the restriction of the RC motion to the potential wells between boundaries B1 and B2, and the threshold point (because the switching between open and closed states holds relatively seldom at high a TP ). The potential wells minima are encompassed by high barriers. As a consequence, the variance of position within a potential well is low; thus, so is the q coefficient. Fig. 7 . Plot of q as a function of the slope of the potential barrier near the threshold point (a TP ). Errors for each data point were given by standard deviations of the mean and averaged Δq = 1.86·10 -3 . Drift force was equal to 3.00·10 -17 [N] . The values of all other model parameters are given in Table 1 .
The second investigated parameter was the slope of the potential barrier near the boundaries (a) (Fig. 8) . Here also for all investigated regimes of the potential barrier slope a the obtained q g values indicate subdiffusive motion and values of q fall when increasing the slope beyond a certain value. Analogously, this effect can be explained by stronger reflection toward the potential well imposed by high potential barrier slopes. The steeper the slope is, the more difficult it is for the RC to escape from the potential minimum and so the position variance is low. This kind of impact is observable until the a coefficient reaches the value 1.8·10 -24 J. For higher ones the q coefficient stabilises. . Drift force was 3.00·10 -17 N. The values of all other model parameters are given in Table 1 .
As shown, the changes of a TP and a exerted the expected significant effect on the diffusion type. To evaluate whether other model parameters influence the kind of RC diffusion, we also briefly analysed the dependencies of coefficient q on the potential barrier of boundaries (q(a B )) and on the ratio of the diffusion coefficients D RC /D B (q(D ratio )). In these cases, however, the parameters did not influence the process characteristics markedly. Thus, the subdiffusion of the RC motion is almost independent from the rate of fluctuations of its diffusive space and is mainly related to the steepness of potential wells.
CONCLUDING REMARKS AND DISCUSSION
In this paper we have proposed a model of ion channel gate activity incorporating the Langevin equation in logarithmic potential. The choice of this type of stochastic dynamics was justified by the analysis of experimental patchclamp time series, which among other things exhibited long-term correlations and power law dwell-time distribution of channel states. These features are common to systems undergoing Langevin dynamics in a logarithmic potential field [1] [2] [3] [4] [5] . The obtained results indicate that the proposed model describes the BK channel gate dynamics quite well, which allows this phenomenon to be classified within the family of stochastic processes underlying Langevin dynamics in logarithmic potential. When considering the relation of surrogate data with the experimental ones, it can be stated that our approach allows one to reproduce different open state probabilities in response to the activating factor, the dwell-time distributions (qualitatively) and the long-range correlations measured by the Hurst coefficient. The model is also consistent with other approaches to the modelling of BK channels present in the literature, and extends them by providing an opportunity to explain the Hurst effect. Similarly to others [6, 9, 37] , it may be classified as a one dimensional, diffusive conformational model of gating; in particular (as in [6] ), the process performed during the model realization is subdiffusive (Fig. 6 ).
In general, to model an anomalous diffusion process, a fractional Langevin equation is usually expected to be used, not the classical one (Equation 2). However, it turns out that application of Equation 2 with a suitably designed potential function allows one to describe anomalous diffusion with the ensemble's MSD growing more slowly than linearly with time. To account for this, it is necessary to impose trapping of the diffusing RC, for example by introducing a potential with relatively deep wells, as was done in this study. This agrees with the general observation that a complex phenomenon can be described in a non-unique way -by several different theoretical approaches, each of them enlightening some aspects of the problem better than others [38] . Additionally, the mentioned trapping effect can be in some cases linked with the use of logarithmic functions in stochastic processes, as previously shown [39] . In that study, subdiffusion of a trapped particle was obtained by application of a Langevin equation with multiplicative Gaussian noise and assuming the logarithmic dependency of the diffusion coefficient on the spatial coordinate. The recognised anomalous diffusion of the RC is consistent with the results of our earlier analysis focused on evaluation of the Hurst exponent. The fractional diffusion behaviour manifests itself in presence of long-range correlations [2] [3] [4] [5] . Thus, the q values indicating a subdiffusive process are consistent with the observed long-range memory effect. The Hurst exponent is not evaluated for the time series of RC positions, but for series of subsequent dwell times, and the H values are not directly linked to q. However, the rough connection between them is expected. For further studies it would be interesting to investigate the diffusion character inside of the open and closed states manifolds only. We carried out an early analysis, and it turned out that both subdiffusive and superdiffusive behaviour can be observed. Subdiffusion stems from the restriction of the RC motion by the potential function, and superdiffusion may occur for example in closed times in case of a high drift toward the open state as a result of narrowing of the RC ensemble to the RC performing ballistic motion (because the RC had to do a number of jumps against the potential to survive sufficiently long in a given state). Recognising two different diffusion types needs detailed explanation, so further studies are needed. In this case, results from a previous study [39] could be very helpful. In that study the authors consider the diffusion process ruled by a Langevin equation with multiplicative Gaussian noise with spatially dependent diffusion coefficient D = D(x), and the power law dependency | | affects sub-and superdiffusion depending on α. Considering further features stemming from the subdiffusive nature of the process, it is worth mentioning that broad waiting time distribution can lead to a possibly non-Markovian time evolution of the system [36] . This property is in good agreement with the results obtained by Fuliński [7] and Goychuk and Hänggi [6] , who investigated and proved non-Markovianity of the ion conduction process through ion channels. It also concurs with the research of Liebovitch and Krekora [19] , where the authors foster the non-Markovian approach to channel modelling as being able to describe molecular memory, which the classic Markovian models are not able to reproduce. The proposed theoretical approach is designed in a general way, and it may be used to describe other types of subdiffusive processes (Figs. 7, 8 ). Suitable adjustment of other model parameters offers further opportunities to fit it to many other real systems, which makes it possible to describe dynamics of other channel types.
